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In this document, we supply additional evaluation, train-
ing, and implementation details, and provide a more de-
tailed ablation study.

1. Additional qualitative results
We included only few qualitative experiments in the

main paper due to space limitation. In Figure 1 we pro-
vide additional experiments that illustrate performance on
a broader set of classes and compare our results against
state-of-the-art alternatives. In all cases we are able to re-
cover more faithful topology and geometry of objects, in-
cluding local high-fidelity detail. Our results consistently
more accurately reflect the ground-truth geometry. Among
all methods compared against, we come closest in approxi-
mating the geometry of the lamps (rows 1, 6), and capturing
the details of the boats (rows 4,5) and the airplane (row 7).
Contrary to Pixel2Mesh [9] we correctly recover the topol-
ogy of the input models, accurately capturing handles on the
display (row 2) and bed (row 3) and correctly recovering the
chair back (rows 8, 9) and table (last row) leg connectivity.
Contrary to methods such as OccNet [8] and IM-NET [2]
we do not hallucinate non-existent details (see car, row 10,
gun row 11, or table, last row).

2. Additional quantitative evaluation
Due to lack of space, in the main paper we only report

Chamfer L1 distance (CD) measured using the implemen-
tation in [8] and surface-to-surface distance (MD), as com-
puted by Metro [4], as our error metrics. Here we include
additional evaluation, with respect to state-of-the-art, based
on the Normal Consistency metric introduced by [8]. Re-
sults are reported in Table 1. Since we measure consis-
tency, higher numbers indicate better performance, with 1
being the optimum. Our proposed method works better on
8 out of 13 categories and overall. This provides additional
evidence that we improve on the previous state-of-the-art
performance. Since we measure accuracy directly against
unprocessed ShapeNet models, most of which are not wa-

tertight, we do not provide IoU measurements, since those
are only valid for comparing watertight meshes.

Additional information on experiments. When compar-
ing our results to other methods we encountered two chal-
lenges. First, a number of methods, e.g. OccNet [8] and IM-
NET [2] that use watertight proxies of ShapeNet models for
training, measure result accuracy against these proxies, in-
stead of the originating ShapeNet models. We seek to mea-
sure accuracy against the original ShapeNet models. Sec-
ond, while we followed the original ShapeNet train/test/val
split to evaluate our models, other methods e.g. Pixel2Mesh
[9], AtlasNet [5] use the split provided by [3]. To resolve
both issues we use pre-trained models provided by the au-
thors of the relevant papers and test them on the intersec-
tion of the two test sets. This intersection test set contains
1685 models: 197 airplanes, 83 benches, 62 cabinets, 149
cars, 324 chairs, 48 displays, 101 lamps, 63 speakers, 75 ri-
fles, 132 sofas, 339 tables, 46 cellphones, and 66 boats. We
then measure all reported metrics on these results, compar-
ing them against original ground truth ShapeNet [1] models.

Each method we compare to uses a different scaling
convention. We apply the transformations used by those
methods to transform their outputs accordingly to match
ground truth models. For AtlasNet [5], OccNet [8] and
Pixel2Mesh [9], we do the exact transformations they de-
scribed in their papers and supplementary materials. For
IM-NET [2] we follow the transformations used in the vox-
elization process they utilized [6].

3. Scalability to High Resolution
Our Front2Back map-based formulation can easily scale

to operate at the higher resolutions. To do so, we simply
need to train (i) image to front map and (ii) front2back mod-
ules to operate at the higher resolution (i.e., take higher res-
olution image as input and produce, equivalent, higher res-
olution depth and normal maps as outputs). The rest of our
framework can remain exactly as is. To illustrate this bene-
ficial capability, we report additional experiments we didn’t
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Figure 1: Qualitative comparison to state-of-the-art. Visual comparison of our results and those produced by Pixel2Mesh
[9], AtlasNet [5], OccNet [8], and IM-NET [2]. Our results can recover the shape of the input well and capture much more
details than others, without halucinating non-existent details. Note that as IM-NET [2] only provides pre-trained models on
five classes, we cannot compare with them on other classes such as lamps, displays, etc.

have space to include in the main paper. We report perfor-
mance at 256×256 resolution on the chair and plane
classes. Results are qualitatively illustrated in Figure 2 and
quantitatively analyzed in Table 2. Higher resolution maps
allow recovery of finer geometric detail observed in the out-
puts. For example, in our higher-resolution results, the legs
on the chairs appear much cleaner and geometrically more
accurate (row 2) and planes have much more decernable en-
gines and other fine detail (row 3 and 4). This is quantified
in Table 2, which shows significantly improved reconstruc-

tion scores (approximately 15% improvement on average)
as compared to our main 137×137 resolution model result.

4. Implementation Details
In this section, we add more details for our implementa-

tion which are not listed in the main paper.

Symmetry plane detection. We represent the symmetry
planes as 3-dimensional vectors (φ, θ, d), where φ, θ are the
polar angles of the plane’s orientation, and d is the distance
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Ours 0.771 0.759 0.734 0.674 0.763 0.821 0.734 0.780 0.672 0.781 0.789 0.856 0.733 0.759
ONet ( Mescheder et al. [8]) 0.741 0.719 0.759 0.668 0.759 0.771 0.707 0.729 0.590 0.757 0.725 0.824 0.667 0.724
AtlasNet ( Groueix et al. [5]) 0.701 0.682 0.725 0.627 0.725 0.772 0.641 0.738 0.549 0.734 0.671 0.839 0.614 0.694
Pixel2Mesh ( Wang et al. [9]) 0.741 0.747 0.698 0.685 0.782 0.837 0.705 0.767 0.636 0.780 0.762 0.881 0.681 0.746
IM-NET ( Chen et al. [2]) 0.686 0.687 0.680 / / / / / 0.579 / 0.657 / / 0.658

Table 1: Normal Consistency [8] comparisons against state-of-the-art. We compare our results against Pixel2Mesh [9],
AtlasNet [5], OccNet [8], and IM-NET [2] measuring Normal Consistency (larger value better). Our method provides the
best results overall and outperforms the closest competitors on 8 out of 13 classes.

METHODS chair plane

MD Ours - 137 0.013 0.013
Ours - 256 0.011 0.011

CD Ours - 137 0.021 0.017
Ours - 256 0.018 0.015

Table 2: Quantitative results on high resolution (256×256)
inputs versus low resolution (137×137) inputs. The perfor-
mance is increased by 10%-20%.
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Figure 2: 137× 137 vs 256× 256 resolution results. (left)
low resolution images and results. (right) similar view and
render style 256 × 256 images and corresponding results.
The quality of our reconstruction predictably improves with
increase in image resolution.

of the plane to the origin. We use mean-shift clustering
with the Epanechnikov kernel to generate an initial sym-
metry plane guess.

Neural network architecture. We train pix2pix [7] with
the resnet-9 block architecture to predict the back view ori-
ented depth maps. Our input images are 256×256 pixels
and have eight channels (three channels for the normals,
one channel for the depth; both for front view and reflected
view). In case of 137×137 model we pad to 256; for the
high-resolution model we directly use 256×256 inputs. For
the front normal and depth map prediction we train separate
networks for 137×137 and 256×256 resolutions.

Training scheme. We train separate models for the image
to 2.5D map representation and the back2front reconstruc-
tion. Both networks are trained independently on ground
truth data. The learning rate is set to 2e − 4 and decays by
0.5 after 20 epochs; we train for a total of 40 epochs. Our
training data set contains independent classes such as car,
airplane, etc.; we train separate models for each class. This
is consistent with other papers in the area.

5. Limitations
Our method performs well on typical views of everyday

objects, where the front and back views (combined with the
reflection of the front) describe a big portion of the shape.
Predictably, its performance declines on accidental views
where the union of these information sources is insufficient
to describe the surface (see Figure 3a). A possible solu-
tion for such scenarios is to perform surface completion,
e.g. using the method of [8]; or to leverage our existing al-
gorithm rendering the incomplete output from a different
direction (ideally one maximally opposite to the incomplete
data); repeating the back prediction step, and performing
reconstruction using a union of previous and new maps.
Our framework does not hallucinate geometry not evident
from the images, thus given fuzzy, ambiguous images it is
not able to produce meaningful reconstructions (Figure 3b).
Symmetry computation on raw images or predicted front
maps is a challenging problem; incorrect symmetry plane
estimation can potentially lead to reconstruction failures
(see Figure 3c). We minimize the likelihood of such fail-
ures by using very conservative symmetry detection criteria;
more robust detection of symmetry planes on image inputs
is an interesting future research topic.
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Figure 3: Limitations. (a) Our method’s performance de-
clines on accidental view images, such as these, where im-
portant details are not discernible from front or predicted
back views. (b) Our method cannot recover fuzzy de-
tails from ambiguous low-resolution inputs. (c) A wrongly
detected reflective symmetry (here left/right instead of
front/back) can lead to reconstruction artifacts.
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